As global warming and climate change predictions become increasingly certain, there is mounting pressure to gain a better understanding of disaster risk. Climate change is seen as a major contributing factor in the recent increases in the losses and damages attributed to hazard extremes. Vulnerability is one of the key components of risk. Yet identifying who the vulnerable segments of the population are, and to which specific hazards different groups are vulnerable, remains a challenge. Measuring social vulnerability has become an active area of research, with scholars attempting to capture the differential vulnerabilities of the population exposed to certain hazards. To address these research challenges, we developed in this study social vulnerability indices at the most basic level of governance in the Philippines using raw, individual-level census data for the entire country. Our goal in conducting this research is to establish relationships between the derived vulnerability measurements and flood exposure and the impacts of coastal flash floods triggered by Tropical Storm Washi in the southern Philippines in December 2011. We find that exposure rather than vulnerability appears to play a greater role in the magnitude of the losses and damages resulting from this particular type of hazard at the localized scale.
Introduction
The Hyogo Framework for Action states that "the starting point for reducing disaster risk and for promoting a culture of disaster resilience lies in the knowledge of the hazards and the physical, social, economic, and environmental vulnerabilities to disasters that most societies face, and of the ways in which hazards and vulnerabilities are changing in the short and long term, followed by action taken on the basis of that knowledge" (UNISDR 2005, p. 7) . However, the promotion of resilient and adaptive societies requires a shift in focus away from natural hazards and extreme events, and toward the identification, assessment, and ranking of vulnerability (Lavell et al. 2003; Birkmann 2006a; Birkmann 2006b; IPCC 2012) . Risk identification through the assessment of vulnerability can facilitate the emergence of a common understanding of responses to risk among stakeholders and actors, and thus represents one of the initial stages in the processes of risk reduction, prevention, transfer, and climate adaptation in the context of climate extremes (IPCC 2014) .
Measuring vulnerability is, therefore, an increasingly important component of effective disaster risk reduction strategies (Birkmann and Wisner 2006) . In the current context of more frequent disasters and mounting environmental degradation, the quantitative assessment of vulnerability is a crucial issue that the scientific community must address as they seek to provide effective strategies for creating a more sustainable and resilient world (Kasperson et al. 2001; Convertino et al. 2013) .
Social assessments can illustrate the vulnerability levels of communities using quantitative evaluation algorithms, and produce indices with the goal of providing effective deterministic tools for assessing the potential impact of natural hazards on society. This fundamental approach is intended to tackle the major challenge of validating these indices with specific regard to the parameters connected to the losses and damages suffered by communities impacted by extreme hazard events. 1 However, while social vulnerability indices are increasingly being developed and applied, the available data and methods for their validation remain limited (Fekete 2009) .
Although the validation data needed for direct vulnerability assessment models are still lacking, indirect evaluation procedures connected to actual disaster observations and forensic studies may constitute a valid surrogate for information on the affected areas. For example, an open testing laboratory may be used to calibrate and tune vulnerability models in ex-post disaster conditions (see Birkmann and Fernando 2008) . Thus, in validating the effectiveness of vulnerability indices with regard to the social impact of hazards on the exposed population, we use disaster information gathered from different and diverse sources (e.g. disaster maps, remote sensing, social media). The literature reveals that several attempts have been made in the past to quantitatively map physical exposure and related risks on exposed populations.
In the work by Peduzzi et al. (2009) , tropical cyclones, earthquakes, droughts, and flood hazards (accounting for 94% of total hazards in the period were evaluated with respect to population spatial distribution in order to characterize the associated physical exposure at the country scale. Using statistical tools (e.g. fitting, regression), the authors tested a total of 23 vulnerability indicators, such as the human development index, GDP per capita, and other readily available datasets. The resulting disaster risk model, which the authors validated using actual data reported from global data providers like the EM-DAT (CRED 2012) , demonstrated as expected a strong correlation between vulnerability and disaster impact, especially for analyses at increasing spatial scales. Cardona (2007) introduced a complex series of indices for the Americas designed to provide decision-makers with the ability to compare disaster risk impact with respect to management capacities across different spatial and time scales. Such studies represent a trend toward the use of index characterization and selection procedures that are strongly dependent on data specifications and availability, which are the most common and fundamental challenges for this type of research (Fekete 2009; Cardona 2007) .
Explaining the complex relationships between hazards, exposure, and vulnerability by means of indirect analyses requires researchers to conduct extensive comparative investigations of several different parameters and physical and social processes in different climatic and socioeconomic conditions that compare data and results for different countries and at different time and spatial scales (Peduzzi et al. 2009 ). In addition, given the relatively large within-country variance in vulnerability levels and the locale-specific nature of the hazards themselves (Cutter et al. 2008) , researchers need to upscale and/or downscale the disaster risk analysis to examine the specific area and conditions of exposure in relation to the different levels of vulnerability of the affected population. The literature review by Fekete (2009) showed that there were several past attempts at the sub-regional or the sub-national level to depict social vulnerability in quantitative terms, but that most of these studies lacked validation and the degree of resolution required to accurately capture the social and economic impacts on the actual communities at risk.
While obtaining proper data that provide higher levels of detail remains a major challenge, the more the spatial resolution increases, the more the available data seem to be inappropriate for evaluating levels of vulnerability. The temporal dimension is also important for periodically updating levels of vulnerability, as it can allow for a monitoring of trajectories or changes over time.
Given the importance of accurate risk evaluation and management efforts from the global to the local scale, it is crucial that decision-makers at all governance levels have detailed vulnerability information that can guide them in developing appropriate actions to strengthen community capacity and resilience to hazards under changing socioeconomic and climate conditions (IPCC 2012) .
The main goal of this paper is to evaluate the social impacts of a natural hazardi.e. coastal river flooding-using a quantitative assessment procedure that utilizes a census-based social vulnerability index (SVI) developed for the Philippines at its most basic level of governance, the barangay. The proposed approach tests the relationships between social vulnerability and coastal river flood hazard (CRFH) exposure using actual flood disaster loss and damage data from two case study sites. We seek to determine whether there are relationships between the risk elements of vulnerability and exposure and the negative impacts of a hazard event.
The remainder of the paper is organized as follows. In the next two sections we describe the data and the methods we use to develop and validate the SVI. We then present the results of the application of the SVI estimation and validation procedure for the case study based on the loss and damage data on major floods caused by Tropical Storm (TS) Washi in mid-December 2011 in Iligan and Cagayan de Oro Cities in Mindanao in the southern Philippines. In the last section we discuss our findings and provide concluding remarks.
Data

Data for SVI estimation
This research is based on several datasets from a diverse set of sources. Conducting a comprehensive technical survey of barangay boundaries for the Philippines has always been a challenge because of the countless boundary conflicts between local government units at the barangay, municipal, and provincial levels (PIA 2012). Fortunately, in 2009 the Global Administrative Areas (GADM) initiative was established as part of a global effort to provide geographic bases for text-based locality descriptions and for mapping census data (GADM 2009) . Although the available GIS polygon dataset for the Philippines is only indicative, it provides an overview of local governance jurisdictions at the national scale. Using these data, it is possible to identify for the purposes of conducting more in-depth analyses a collection of barangays in a municipality that normally have more accurate local boundary delineations maintained by the respective local government units.
For this study, we derived indicators of social vulnerability at the barangay level from the data fields of the raw, disaggregated 2010 Census of Population and Housing of the Philippines. The total household population of the Philippines as of 2010 was 92,097,978 (46,458,988 males and 45,638,990 females) . One-third (33.3%) of the population were under age 15, while 59.9% were between the ages of 15 and 59. The remaining 6.8% of the population belonged to the elderly category (aged 60 and older), as defined by Philippine law (Republic of the Philippines 1992). A total of 22,926,492 adults aged 18 and older (24.9%) had not completed secondary education, while a total of 1,442,586 (1.6%) individuals had disabilities. The dataset also included a total of 20,171,899 individual households and a total of 21,745,707 housing units.
Validation data
The data used for the site-specific validation were compiled by the Social Welfare and Development Offices and the Disaster Risk Reduction and Management Council Offices for both cities, as well as by the respective regional administrative offices. The data were gathered with the specific purpose of surveying the losses and damages that occurred during the Tropical Storm (TS) Washi event, which caused unprecedented flooding in the Northern Mindanao region of the Philippines in midDecember 2011. The dataset includes demographic profiles of dead and missing persons, as well as a comprehensive survey of the individuals affected by the flood in terms of injuries and damage to property. The dataset also includes a survey of housing units that were damaged to varying degrees. 2 It is important to note that the level of detail of the surveyed information differed between locations, with the data for Cagayan de Oro City being less comprehensive than the data for Iligan City, particularly in terms of the demographic and geographic specifications of the individuals affected by the flood. Nevertheless, a significant amount of information is available, and the data are sufficient to allow us to perform statistical analysis on the two flooding case studies. The barangay GIS polygon data provided by the Planning and Development Offices of the two cities give more accurate information on the barangay boundaries maintained by the local government than the publicly available GADM dataset.
SVI estimation method and results
In this section we describe the method used to develop the social vulnerability index derived from the presented disaggregated census data. The empirical measurements of social vulnerability combine a number of indicators that can be used to obtain characteristics or parameters that describe a social system's state of vulnerability (Cutter et al. 2008) . The SVI for the Philippines presented here is based on the 2010 Census of Population and Housing, with the barangays being used as the basic unit of analysis, and three types of information being provided per barangay: i.e. individual members, households within the barangay, and housing units aggregated at the barangay level (Ignacio and Henry 2013a) . Because we have access to disaggregated or raw data for both population and housing characteristics, we are able to combine the social and the housing-based indicators in developing an SVI that spans all 42,020 of the populated barangays in the Philippines. Barangay aggregations are the best way of locating census data at the most detailed unit possible, which is critical for identifying the populations exposed to particular hazards. Although the barangay boundaries used for the nationwide mapping are arbitrary, the boundaries used in the case study sites have an acceptable level of accuracy, as they have been provided by the respective city governments. In this research we focus on a discrete geographical level of aggregation (the barangay) in assessing the site-specific impacts of flood hazard on a population, and thus minimize the problems associated with the modifiable areal unit problem (MAUP) detailed by Openshaw (1983) .
The SVI scores are estimated at the national level as percentile scores. For the case study sites, geographic subsets of the SVI for the barangays comprising Iligan and Cagayan de Oro Cities are extracted from the national database to allow us to perform a more detailed analysis of the SVI vis-à-vis hazard impacts on the population at the local scale. The indices are measured separately using corresponding indicators that are based on the pertinent census fields (see Appendix B for the complete list of census fields).
Utilizing the relevant fields provided by the 2010 raw census data, 18 indicators were derived (Table 1 ) and simple additive indices or composite indicators based on individuals, households, and housing characteristics were developed and computed for the barangays. Many of these indicators were selected based on groups generally known to have high levels of vulnerability, as illustrated in Cutter et al. (2003: pp. 246-249) . Our social vulnerability concepts were derived based on the existing literature, and on whether they could be measured from the available census fields.
Demographic groups such as the very young, the very old, the disabled, singleparent households, and low-income earners are thus seen as vulnerable (King and MacGregor 2000) . Because the legal working age is 15 in the Philippines, the dependent age range is defined as ages 0-14 (Racelis and Salas 2008) . People aged 60 and older are classified as senior citizens (Republic of the Philippines 1992). Following the work of Cutter et al. (2003) , the additional indicators we considered are average household size, low adult educational attainment (no secondary school diploma), the share of females, and the percentage of households headed by women. An additional variable, the proportion of females aged 20-39 who had a secondary education or higher, was included following the work of Streissnig et al. (2013) , who found that this variable has a positive relationship with vulnerability reduction. Lutz et al. (2008) showed that the proportion of younger women who have a junior secondary or higher education is important in social and economic development, as these women play key roles in family matters ranging from child-rearing to family health, household decision-making, and changes in labor force participation. 3 Other vulnerability proxies based on Cutter's work were derived from the housing database: e.g. poor roofing materials, poor walling materials, lack of tenure, needing repairs, old structures, and small house floor area. Finally, since the raw database is in a disaggregated form, other combinations of variables linked to social vulnerability are evaluated: households in which the adults lack high school diplomas and households that receive no support from overseas foreign workers. More than 10% of the population of the Philippines are working abroad (Commission on Filipinos Overseas 2010), and these overseas workers provide significant resources to their families in the form of remittances.
An index can be simply constructed as an additive combination of several indicators, assuming that all of the components reflect the underlying construct equally (Carmines and Woods 2003) . As indices attempt to condense a complex reality into simple terms, they can serve as good measures (Diener and Suh 1997) . There are, however, limitations to composite indices, as they do not indicate the structure or the causes of the vulnerabilities, and they do not specify the degree to which each individual indicator affected the overall outcome (Adger et al. 2004) . Weighting schemes for indicators have been suggested based on a number of approaches and techniques, such as expert opinion and principal components analysis (Nardo et al. 2005; Cutter et al. 2003; Rygel et al. 2006) . Although there is a general consensus regarding the overall factors that influence social vulnerability to natural hazards, scientists and professionals tend to disagree on the selection of specific indicators and on weighting schemes (Gall 2007) . Given these limitations and for the sake of simplicity, an approach of an equal weighting of indicators was adopted.
The selected indicators for SVI are combined into three equally weighted indices per data type:
where SVI in , SVI hh and SVI hs correspond to the individual, the household and the housing unit social vulnerability indices respectively; while I i in , I i hh , and I i hs correspond to the individual, the household and the housing indicators respectively. A total of six indicators per data type are derived to compute the respective composite SVIs per barangay. As most of the values of the individual indicators are represented as percentages that correspond directly to increasing levels of vulnerability, the average household size indicators are normalized based on the maxima and minima of the entire dataset at the national level for consistency. Figures 1 to 3 map the different SVI results, which show quintiles ranging from very high to very low SVI types for a sample geographical area covering Iligan and Cagayan de Oro Cities in Northern Mindanao. The quintile ranges used are based on the entire national dataset and illustrate the states of measured vulnerability in these areas compared to the national values. It is worth noting that barangays farther from the city centers tend to have higher relative SVI values.
Defining zones of flood exposure
In its Fifth Assessment Report, the IPCC defines disaster risk as the convergence and interplay of hazard, vulnerability, and exposure (Field et al. 2014) . As in this paper we seek to evaluate the impacts of a natural hazard in terms of the measurable factors associated with risk (i.e. vulnerability), measuring the level of exposure to a hazard can help determine whether this risk factor has greater significance in determining the level of vulnerability in the overall outcome of the TS Washi flood disaster.
As we mentioned above, the Planning and Development Offices of Iligan and Cagayan de Oro Cities provided geographic information system (GIS) data that show the barangay boundaries more accurately. The data for the domain on the TS Washi flood-affected areas were provided by the Planning and Development Office of Iligan City, while the data for the Cagayan de Oro City flood zones were provided by the Xavier University Engineering Resource Center (2011). Both datasets were based on ground surveys of the extent of flood damage. Additional geospatial data on features such as elevations and rivers were taken from standard topographic maps at a 1:50,000 scale published by the National Mapping Resource Information Authority (NAMRIA) of the Philippine government. In addition, global-scale data were gathered, including digital elevation models (DEMs) produced by the Shuttle Radar Topography Mission (SRTM) (Farr et al. 2007 ) and aerial photographs and satellite imagery from national and international geospatial data providers. This diverse and heterogeneous set of geospatial information was processed to develop a robust and homogeneous GIS database that provides an a priori representation of the areas exposed to flood hazards, along with the social and demographic characteristics of these areas based on the census data.
In the case of the TS Washi disaster, flash floods were the main reason for the loss of life and the destruction of property. In order to delineate flash flood hazard exposure zones, the simple model developed by Ignacio and Henry (2013b) was considered and adapted. A combination of two basic geomorphic parameters extracted from the SRTM DEM define the primary areas of CRFH, which is a function of elevation from the coast and slope:
where E 10m and S 2% are the coastal areas with, respectively, an elevation lower and equal to 10 m.a.s.l. and slope gradients of 2% or lower. Note that the original elevation threshold of 5 m defined by Ignacio and Henry has been increased to effectively represent the TS Washi flooded zones. The CRFH, measured in hectares, is a simple attempt at delineating the flood plain areas of the coast-draining rivers with flash flood potential using the best available data. The CRFH zones are then used to identify the flood-prone barangays using standard GIS overlay tools. We considered using more complex terrain analysis for flood plain mapping (Nardi et al. 2006; Nardi et al. 2013; Manfreda et al. 2014) , and developing and applying a spatially distributed, physically based hydrologic and geomorphic flood plain delineation approach (Grimaldi et al. 2004; Grimaldi et al. 2012; Grimaldi et al. 2013) . But for the hydrogeomorphic setting of the coastal areas of Northern Mindanao in the southern Philippines, we selected a simple approach based on the geometric parameters of differential elevation and slope, as this approach seems to be the most efficient way of identifying low-lying river bottoms and potentially flooded zones given the flat nature of the domain of interest (Nardi et al. 2008) .
Case studies: Iligan and Cagayan de Oro and the TS Washi flood
Iligan and Cagayan de Oro Cities are selected as case studies (Figure 4 ). Iligan City is located in the Northern Mindanao region of the Philippines. It includes 44 barangays or villages with a total area of 813.37 km 2 and a household population of 321,156; as of May 2010. Three major river systems -the Mandulog, the Tubod, and the Lanao -flow through the coastal barangays before emptying into Iligan Bay. Cagayan de Oro City is located northeast of Iligan City, and is also on the coast of Northern Mindanao. It has 80 barangays with a total area of 488.9 km 2 and a household population of 598,803; as of May 2010. Two major rivers flow through the western portion of Cagayan de Oro City: the Iponan and the Cagayan. These rivers and a series of smaller coastal watersheds all drain into Macajalar Bay. On December 16, 2012, TS Washi passed through Northern Mindanao, an area that is rarely hit by typhoons. Precipitation of 180.9 mm accumulated in 24 hours, making this an event with a return period of once in 75 years (RDC-X 2012) . Flash floods affected several communities along the coast of Northern Mindanao, with the densely populated urban centers of Iligan and Cagayan de Oro Cities reporting the highest rates of loss and damage.
According to the Northern Mindanao Regional Disaster Risk Reduction and Management Office (DRRMO) of the Philippine government, in Iligan City alone 148 people died and 1,023 people went missing. A total of 94,611 individuals were affected, given the population specifications within the flood hazard zone of the Mandulog and Tubod river systems. The flood totally destroyed 4,448 housing units and partially destroyed 5,884 housing units, while a total of 10,582 houses were hit by the flood waters. For Cagayan de Oro City, the official data show that 569 people died and 363 people went missing. A total of 47,526 individuals living within the flood hazard areas of the larger Cagayan river were significantly affected. The flood totally destroyed 3,998 houses and partially destroyed 6,162 houses, and a further 2,981 houses were inundated with no significant damage reported. A full report of the TS Washi impact on the two case study areas can be found in Appendix A.
Results
Regression analysis for the determinants of the flood impact
For a comprehensive and homogeneous representation of the flood social impacts, a multiple regression analysis is implemented using the SVI variables and the coastal risk flood hazard (CRFH) as predictors. The multiple linear regression model is defined as follows: where y j represents the three outcomes of interest: i.e. (1) number of dead + missing; (2) number of affected individuals; and (3) levels of damage to housing units; and x k represents the various predictors (SVI in , SVI hh , SVI hs , and CRFH). Table 2 displays the Pearson's R correlation matrix among the different predictors for Iligan City, which shows that SVI hs is highly correlated with SVI hh and SVI in with 0.856 and 0.850 correlation values respectively. Even if the principle of multicollinearity applies here, the different SVI variables are not combined to describe the single SVI outcomes for independently evaluating the different aspects of vulnerability at the individual, the household, and the housing level.
As a result of the high correlations, several ordinary least square (OLS) simple regression models are used for each variable individually in the form:
where y represents the outcome variables and x represents the different SVI, as well as the CRFH predictors. Since the purpose of this analysis is to establish whether there is a predictive relationship between the SVI or the CRFH and the outcomes resulting from the hazard event, and because the SVI is a continuous variable, the OLS simple regression can establish whether there are relationships between the assumed predictors and the outcomes. Table 3 presents a statistical summary of the three SVI composite variables for Iligan and Cagayan de Oro Cities, respectively, based on the 2010 census fields. As the resulting scores are based on the percentages of individuals, households, or housing units per barangay (except for the average household size indicator), the results are comparable at the barangay level for each single SVI. The summary statistics show relatively similar average and median values for the two cities. The index scores for each barangay served as input predictor variables in the regression models, which will be discussed in detail below. Figure 5 shows the extent of flood damage to the barangays, as delineated by the Iligan City Planning Office after the disaster. The destructive flooding region, shown in red, is specifically located along the Mandulog flood plain in the north of the region, while the inundated zones with non-destructive conditions depicted in an orange color are mainly distributed along the Mandulog and Tubod river channels. The CRFH areas shown in a semi-transparent blue color have a significant spatial correlation with the flooded zones. Since the CRFH areas are provided a priori using the available observation data, this information is used as a predictor variable in the linear regression model to allow us to compare its influence on the outcomes of the flood impact, as expressed in terms of the losses and damages incurred. The CRFH areas within the watersheds of the Mandulog and the Tubod rivers measured 883 hectares. The Hinaplanon barangay had the largest share of these areas, with 182 hectares (20.6%); followed by Palao, with 84 hectares (9.5%); and Santiago, with 80 hectares (9.1%). The CRFH areas included 20 barangays that experienced flooding during TS Washi. Only five barangays that were flooded were not associated with the CRFH areas, as they were located relatively far away from the river outlets. The same analysis was conducted for Cagayan de Oro City, but it is not included in this section for the sake of brevity.
SVI for Iligan and Cagayan de Oro cities
Flood impact with respect to social vulnerability and exposure
The SVI and the CRFH variables are represented using the selected OLS regression model. As the numbers of samples are limited for the two sites, the distribution of the raw output data is highly skewed, but the application of the log function for interpolating the social impact behavior as a function of the driving force of the flooding scenario provides a comprehensive linear relationship between the predictors and the outcomes; as we can see in Figures 6, 7 , and 8. Figure 6 graphically represents the log function results in comparison with the different variable plot pairs of the raw data with respect to the outcomes of the dead + missing people and the affected people for the two sites. Figure 7 presents SVI hs with respect to the different housing damage types, comparing the raw and the log-treated outcomes. Figure 8 presents the CRFH area with respect to the different housing damage types and their logs, which shows a consistent improvement in the relationships between the variable pairs. This justifies the use of OLS regression models to characterize the relationship between the predictors and the outcomes. Table 4 shows the results of the simple OLS linear regressions of the log values of the outcomes on the predictor variables for each of the case study sites. The regressions of the dead and missing outcome on the predictors do not seem to exhibit statistically significant results, but this is expected considering the low number of dead and missing victims per barangay. But for the affected people the statistical significance of the regression estimates is strong. This finding is supported by the more comprehensive loss and damage data that were gathered from the individuals affected by the disaster (see Appendix A). Moreover, the number of affected individuals per barangay is much higher with respect to the numbers of dead and missing for both case study sites (see Appendix A Tables A.1 and A.3). The regression of flood damage types on SVI hs and CRFH reveal strong relationships as well particularly for the partially damaged house category. SVI hs is also strongly linked with the flooded house variable for Iligan City, but there do not seem to be enough cases in Cagayan de Oro City (n = 10) to statistically characterize the connection. In terms of the relationships between the variable pairs in the regression models, Table 4 consistently shows inverse relationships between the three composite SVI variables and the outcomes. These relationships are graphically represented in the scatterplots of Figures 6, 7, and 8, which show the negative slopes of the regression lines. These results reveal an unexpected trend with respect to the direct relationships between social vulnerability and the magnitude of losses and damages, particularly in the regression of affected individuals and partial housing damage. This rather surprising finding is unlikely to be due to poor data quality, since the data on the affected individuals and the types of housing damage are usually reliable, given the more consistent survey information provided by the survivors and by the post-disaster observations of damage to the housing units.
In order to further investigate which factor in the SVI contributes to the results shown in Table 4 , a further set of regression analyses is presented on the decomposed SVI variables; i.e. on the six individual indicators that comprise each of the SVIs (see Table 1 ). Table 5 provides the summary of the results using the procedure that was implemented for the overall SVI indices. The outputs confirm these trends, thus validating the regression model behavior for the dead and missing outcomes with no statistically significant relationship between the variable pairs-except for the no tenure 4 variable for Iligan City, which also has a relatively high standard error. It is worth noting that education-related regressors (i.e. female 20-39yrs<secondary 5 and head<secondary 6 ) for the affected population outcomes show a consistent dependency link between the two case studies. The poor walling 7 indicator variable for SVI hs also exhibits a consistent degree of significance in many of the outcomes. The no overseas worker 8 variable is also significant and consistent between the two sites. However, in line with the pattern presented in Table 4 , the relationships for all the mentioned regressors are also consistently inverse in relation to the log of the outcomes.
A final series of models is formulated and applied that combine the component variables for each of the SVIs as regressors in a multiple linear regression model, defined by the equation:
where log y j represents the log of the outcomes (i.e. number of dead + missing, affected individuals, and levels of damage to housing units), and x m represents the various indicators for each of the SVI variables, as listed in Table 1 . The purpose of this last test is to check for the simultaneous influence of the decomposed SVI variables on the log of the outcomes, and to determine which variable has the most impact. Table 6 lists the results of the multiple linear regressions of the log of the outcomes on the decomposed variables. The results are not as expected. We find that for the two case study sites the head<secondary 9 and poor walling 10 variables are significantly consistent for the affected population outcome. These two variables 4 % of houses with no tenure. 5 % of women aged 20-39 who were not high school graduates. 6 % with a non-high school graduate household head. 7 % of houses with poor walling materials. 8 % of households with no overseas worker support. 9 % with a non-secondary graduate household head. 10 % of houses with poor walling materials. correspond to educational attainment and house structure stability, respectively; and both variables again have a negative relationship with the affected population dependent variable. For head<secondary, this means that the greater the percentage of household heads who had not finished secondary school, the lower the number of people affected. Like for the poor walling variable, the inverse relationship obtained means that the higher the percentage of houses with poor walling materials, the lower the number of people affected. It is interesting to note that these two variables were also shown to have highly significant inverse relationships in the previous simple linear regression results (Table 5) for both case study sites, and for the same affected population outcome. The result for the education variable can also be interpreted as follows: the higher the educational attainment of the household heads in the barangay, the higher the number of affected people. Like for the housing stability variable, we find that the more stable the walling materials of the houses in the barangay, the higher the number of affected individuals in the barangay. While these findings initially seem counterintuitive, based on observations conducted by combining a visual interpretation of satellite imagery ( Figure 9 ) and GPS-based ground surveys comparing conditions before and after the disaster, it is apparent that the middleclass community zones located along the riverbanks were the main areas hit by TS Washi. Thus, it seems that the physical impact of a flood of this magnitude is much more significant than the demographic and socioeconomic characteristics of the affected population. In practical terms, it appears that the CRFH zones, which are defined by the hydrogeomorphic conditions that are the most prone to severe flooding, are mainly inhabited by the middle class, a socioeconomic group who are generally less vulnerable than the poor. In technical terms, the CRFH plays a major role as the defining variable for a priori exposure, significantly influencing the magnitude of loss and damage for both of the case study sites.
Conclusion and recommendations
The level of detail of the data compiled for this research, coupled with their broad coverage, made it possible to produce a geographically comprehensive and detailed social vulnerability assessment for the whole Philippines at the level of its most basic unit of governance, the barangay. Furthermore, the availability of raw and disaggregated census data allowed for the development of very specific indicators to capture social vulnerability that are adapted to the Philippine context. In this research, we attempted to develop vulnerability metrics at a relatively fine scale, while also including the validation of such quantitative and qualitative measurements with respect to the impacts of this type of flash flood hazard.
An ex-post validation of how social vulnerability and exposure determine flood impact at a detailed geographical level using the case study areas of Iligan and Cagayan de Oro Cities has revealed that the element of scale is a major factor to consider when making such assessments. Risk assessment at the national scale using country-level data is important for collectively determining risk levels across nations and prioritizing needs. However, since hazards-and particularly flash floods-are spatially defined at the local level, identifying the populations who are exposed to such hazards through methods such as CRFH area delineation can help to reduce risk. Although it has been established that there are direct relationships between vulnerability and disaster impact at the country level (Peduzzi et al. 2009 ), it is important that this evidence is applied at very local geographic scales when seeking to identify the populations who are most vulnerable to coastal flooding.
Although levels of social vulnerability may be measured accurately through indices such as those developed in this paper, the findings from this research suggest that the component of flood hazard exposure is more important in determining the magnitude of losses and damages than social vulnerability metrics. As the regression results revealed, the statistically significant social vulnerability indicators were actually inversely related to the outcome of the disasters. This does not, however, necessarily signify that there is an inverse correlation between social vulnerability and the tendency to be adversely affected by hazard events. In our analysis we found that having low SVI values does not connote a propensity to being affected by coastal river flooding, because middle-class housing had expanded into areas that had not been properly classified as flood-prone. The results show that exposure is more influential in determining losses and damages from disasters at this scale of analysis, and that other factors may be more significant than social vulnerability.
Using an SVI derived for counties in Germany exposed to river flooding, Fekete (2009) found a significant relationship between the vulnerability index scores and the affected groups per county. However, the nature and the scale of the floods Fekete considered were different from those investigated in this research. In the type of event being investigated here-i.e. an extreme flood event triggered by intense rainfall, and with a relatively low return probability (75 years)-much smaller watersheds were affected. It is possible that due to the very extreme nature of the flood event being investigated here, differential social vulnerability, as captured in the SVI scores, did not significantly influence the outcomes.
The very high significance of the CRFH variable shows that, in this context, exposure matters greatly. In the framework of the IPCC model on disaster risk, exposure is one of the major components in the management of risk. In an extreme hazard event such as TS Washi, differential vulnerability may disappear, and the most important component of the risk management framework shifts to the exposure of the population, and their ability to get out of harm's way. This observation also applies to recent events such as the 2004 Indian Ocean tsunami, the 2011 Tohoku tsunami, and the 2013 Super Typhoon Haiyan in the Central Philippines. The extreme nature of these events caused the exposure component to be the most significant determinant of the loss and damage levels, as the whole exposed population eventually became vulnerable, regardless of the initial states of vulnerability of the communities.
The delineation of the coastal river flood hazard (CRFH) areas is important in identifying communities that are at high risk of being affected by coastal river flash floods. Once these areas are identified, government and other interest groups can then allocate resources to preparing for disasters, as such preparedness actions can spell the difference between life and death. In some cases, people might even need to be relocated to areas away from the flash flood danger zones. There should be a greater focus on urban expansion and development in hazard zones, with government agencies identifying the high-risk areas and declaring no-build zones in areas that are highly exposed.
The lack of consistent and uniform information at the barangay level throughout the country led us to use census data to develop proxy variables for vulnerability. We derived composite indicators of social vulnerability from the existing census fields in an effort to capture aspects of social vulnerability in the population. But in the end, the census database was designed with very specific objectives in mind, and we have to accept these limitations when we try to use the data for purposes other than those for which they were originally intended. Furthermore, as census data are collected every 10 years with an inter-decadal subset in-between, a more regular and more frequently updated survey specifically designed to measure vulnerability assessment and resilience building may be needed. As concern about climate change impacts grows, particularly in a country like the Philippines, which is exposed to a wide range of hazards and has relatively high levels of vulnerability (Welle et al. 2012 ), a regular vulnerability assessment would be a very useful tool for planning and for empowering communities as they slowly adapt to a rapidly changing environment. Warner, K. and K. van The missing were almost evenly spread between the sexes, although the share of the females is slightly higher than the share of males (56% vs 44%). The mean age of the missing was relatively young, at around 23 years old, with almost no significant difference between the sexes. Of the missing, one in five were children under five years old, around 40% were under age 15, and an equal percentage were in the prime ages of 15-59. At least 6% of the missing were people aged 60 and older. There were more females than males among the missing for all age groups except for infants (<one year old).
Dead persons A total of 148 people were reported dead in 12 barangays. Most of of the cases were in Hinaplanon (59.4%), followed by in Santa Filomena, (13.5%) and in Upper Hinaplanon (10.1%). In terms of the sex structure, slightly more females (57.4%) than males (42.6%) perished as a result of the flooding. The average age of those who died was 30.8, with the women who perished being about four years older than the men (32.7 vs. 28.2, respectively). The gender difference in age was, however, not statistically different.
A closer examination of the age structure of the mortality statistics indicates that there were three cases of infant mortality (i.e. of infants aged under one year) associated with this natural disaster. Almost one-fifth of those who died were aged 1-4, another one-fifth were in the 5-14 age group, while 44% were in their prime years (ages 15-59). A disproportionate share of those who died were older people (17.7%). As of the 2010 census, older people constituted only 5.7% of the population in the 12 barangays that reported deaths.
An analysis of the age structure of the mortality by sex also reveals that more older females (10.8%) than older males (6.7%) died. Almost 19% of the females who died were elderly, compared to about 16% of the males. These results indicate that older people, and especially older women, are particularly vulnerable to disaster risks.
Affected persons A total of 94,611 individuals were surveyed and registered with the Iligan City government as having been affected by the flooding. Hinaplanon had the most affected individuals (16.5%), followed by Tambacan (10.4%) and Santiago (8.94%). Our examination of the demographic distribution of the affected persons did not reveal any significant findings with respect to age, sex, or educational attainment. Table A .2 presents the 22 barangays that had registered missing and/or dead individuals, with additional information on the number of affected individuals in each barangay, together with its 2010 population. An additional 13 barangays not shown in Table A .2 had individuals affected by the flood, but no dead or missing. It is worth noting that in Hinaplanon the total number of victims (missing, dead, and affected) was high relative to its projected 2011 population. The projected population based on a geometric growth rate between the census years of 2007 to 2010 should have been only 14,648, while the total number of documented victims was 16,327. The discrepancy can be partly explained by the completion of new housing projects in the barangay, as can be seen in multi-date high resolution satellite images analyzed for the area, as well as in the total number of housing units (Table A. 2).
Damage to housing A total of 20,914 housing units were damaged in Iligan City due to the TS Washi flood. The largest share of the damages occurred in Hinaplanon (17.2%), followed by Tambacan (10.3%), and Santiago (8.9%). Table A .4 provides the full details of the number of housing units that experienced varying degrees of damage per barangay, together with the total number of housing units in 2011, as projected from the 2010 census. Totally damaged houses were totally destroyed or washed out; partially damaged houses sustained damage to parts of the structure but were still repairable; while flooded only houses did not incur any structural harm, but items within the houses were damaged, such as furniture, appliances, and other personal belongings.
A.2 Cagayan de Oro city
Missing persons Table A .3 shows the profile of the 363 missing persons reported in 17 barangays. The results show that most of the missing persons were reported in Macasandig (72.2%), while much smaller shares were reported in 13 and Balulang (7.2% in both). Roughly equal shares of males and females (49% vs 51%) went missing, while the mean age of the missing was even younger than in Iligan City, at around 21.8. Of the missing, around one in four were children under age five, around 50.4% were under age 15, and 36.1% were in the prime ages of 15-59. At least 13.5 % of those missing were aged 60 and older. The sex distribution was nearly equal across all of the age groups.
Dead persons A total of 569 people were reported dead in Cagayan de Oro City. Of this total number, there was no information on the barangay for 90 cases. Thus, only 479 cases could be assigned to 24 barangays. The largest share of these cases were in Macasandig (42.4%), while smaller shares were in 13 (23.8%) and Balulang (15.9%). Slightly fewer males (45.5%) than females (54.5%) perished as a result of the flooding. The average age of those who died was 32.4, with women being about two and a half years older than men on average (33.5 years vs. 31.1 years, respectively). Like in Iligan City, the gender differences across age groups were not statistically significant. Looking at the age structure of the mortality statistics, we found a higher rate of infant mortality in Cagayan de Oro City, at 15 deaths (3.1%), and a smaller share of deaths among those aged 1-4 (7.7%). Seventeen percent of the deaths occurred among the 5-14 age group. Similar to the share found in Iligan City, 43.4% of those who died were between 15 and 59 years of age. A high proportion of the casualties (24.0%) were aged 60 and older. This share was even higher relative to the group's share of the entire population than the share found in Iligan City. As of the 2010 census, older people constituted only 4.9% of the population in the 24 barangays that reported deaths.
An analysis of the age structure of the mortality by sex also revealed that among all those who died, around 12.5% were elderly females while 11% were elderly males. Around 23.2% of the females and 24.1% of the males who died were elderly. There was no statistically significant difference in sex among the elderly casualties, but as was the case in Iligan City, the elderly in general were more vulnerable to flood risk.
Affected persons A total of 47,526 individuals were surveyed and registered with the Cagayan de Oro City government as having been affected by the flooding. Carmen was the barangay that had the most affected individuals (21.4%), followed by Kauswagan (15.4%) and Balulang (14.2%). The available data for the affected population in Cagayan de Oro City was not disaggregated beyond the barangay level, and did not have a further breakdown of demographic characteristics.
Damage to housing A total of 20,914 housing units were damaged in Cagayan de Oro City due to the TS Washi-triggered floods. Most of the housing damages occurred in the barangays of Carmen (17.8%), Balulang (13.3%), and Kauswagan (9.3%). Table A .4 provides the full details of the number of housing units that experienced varying degrees of damage per barangay, together with the total number of housing units from the 2010 census. It is important to note that Macasandig had the highest number of houses that were totally damaged, while in Kauswagan most of the damaged houses were merely inundated. 
